A method for aerodynamic shape optimization based on a genetic algorithm approach is demonstrated. The algorithm is coupled with a transonic full potential flow solver and is used to optimize the flow about transonic wings including multi-objective solutions that lead to the generation of pareto fronts. The results indicate that the genetic algorilhm is easy to implement, flexible in application and extremely reliable.
Background
Numerical methods for optimizing aerodynamic performance have been studied for many years. Perhaps the most widely used general approach involves the computation of sensitivity gradients. These methods-called gradient methods--have been utilized to produce optimal aerodynamic performance in a wide variety of different forms. The reliability and success of gradient methods generally requires a smooth design space and the existence of only a single global extremum.
In contrast to gradiert methods, genetic algorithms (GA) offer an alternative approach with several attractive features. The basic idea associated with the GA is to search for optimal solutions using an analogy to the theory of evolution. During solution iteration (or "evolution" using GA terminology) the decision variables or "genes" are manipulated using various operators (selection, crossover or mutation) to create new design populations, i.e., new sets of genes. Each design is evaluated using an objectivelike "biological fitness function" to determine survivability. Constraints can easily be included in this approach either by direct inclusion into the fitness function or by special gene constraints.
For example, if a design violates a constraint, its fitness is set to zero, i.e., it does not survive to the next evolution level.
Because GA optimization requires no gradients, it does not need sensitivity derivatives. It theoretically works well in non-smooth design spaces containing several or perhaps many local extrema. It is also an attractive method for multi-objective design applications offering the ability to compute socalled "pareto optimal sets" i'_stead of the limited single design point traditionally provided by other methods. A disadvantage of the GA approach is expense, tn general, the computational effort required for a GA algorithm exceeds 1hat required by a gradient-based optimization method by an order of magnitude or more.
Approach
A GA-based optimization method is used to perform aerodynamic shape optimizations for wings at transonic cruise. Both single-and multi-objective optimizations are considered. The geometric parameterization used in the present study comes from Sobieczky. 1 In this approach, each defining airfoil section is characterized by ten parameters plus a local twist angle. A graphical description of these parameters is presented in Fig.1 . Typical maximum and minimum user-specified constraints for each of these parameters are given in Table 1 . A wing is constructed by connecting each of the airfoil defining stations together using linear lofting. Using GA terminology, each geometric parameter is called a gene, and each set of parameters that fully specifies a unique wing geometry is called a chromosome. A set of chromosomes is called a generation or a population. The present GA 2 begins by utilizing a random number generator to establish an initial population of chromosomes with random gene values that lie between the maximum and minimum constraints. Each chromosome is then evaluated using the TOPS full potential solver 3 to determine fitness--e.g., the value of pressure drag for a fixed level of lift.
A new generation is established by first ranking the old chromosomes. For example, if L/D maximization is sought, the design or chromosome with the largest value of I_/D is ranked number one, the The magnitude of the modification computed by the perturbation-mutation operator is controlled by user input and is typically an order of magnitude smaller than the modifications produced by the mutation operator. The number of chromosomes modified by each operator is user-controlled by the P vector. For example, P = (0.1, 0.2, 0.3, 0.4), causes 10% of all newly selected chromosomes to be passed through, 20% to be modified using crossover, 30% to be modified using perturbation-mutation and 40% to be modified using mutation.
Because the most-fit individuals--e. 
Results
Results from a single-point pressure drag minimization for an isolated wing at IVL = 0.84 and C4_= Figure 4 shows the number of function evaluations divided among the various modification operators that produced an increase in L/D as a function of generation number. There are only three curves in Fig. 4 The last two plotted fronts are nearly on top on each other. Also displayed in Fig. 6 are pressure distributions plotted at semi-span stations of 27 and 75% for three different solutions along the pareto front. It can be seen from this set of results that the maximum L/D point on the pareto front produces a nearly shock-free pressure distribution while the minimum structural mass point has a strong shock. This is because the latter pareto point is achieved by thickening the wing root section--thus reducing the structural mass required to sustain the wing root bending moment. The minimum structLJral mass point is also associated with an inboard shift in wing loading. This reduces the wing-root bending-moment moment arm and further reduces the structural mass required to support the aerodynamic load.
Conclusions
A genetic algorithm (GA) has been used to perform singleand multi-objective shape optimizations for isolated winc geometries in the transonic speed regime. The computed results included a single-point drag minimization, a two-point aerodynamic optimization and a two-point multidiscipline optimization involving aerodynamic drag and structural mass minimization. The GA performed surprisingly well on all cases presented, demonstrating wide applicability. For multi-point problerns an optimal set of solutions called the pareto front was generated. Pareto fronts are useful in performing engineering tradeoffs, as the complete set of optimal solutions can be viewed simultaneously.
GA optimization is quite easy to setup providing problem parameterization and function evaluation mechanisms are available. It is theoretically applicable for most engineering problems even when the design space is non-smooth.
Despite good performance from the GA, it is recognized that other methods, when they are applicable, are more efficient. The strength of genetic algorithms lies in their ability to provide optimal solutions for non-smooth or multi-modal design spaces and for multi-objective problems. This will be the focus of future work. 
